Abstract. Given the increasing impacts of flooding in Jakarta, methods for assessing current and future flood risk are required. In this paper, we use the DamagescannerJakarta risk model to project changes in future river flood risk under scenarios of climate change, land subsidence, and land use change. Damagescanner-Jakarta is a simple flood risk model that estimates flood risk in terms of annual expected damage, based on input maps of flood hazard, exposure, and vulnerability. We estimate baseline flood risk at USD 186 million p.a. Combining all future scenarios, we simulate a median increase in risk of +180 % by 2030. The single driver with the largest contribution to that increase is land subsidence (+126 %). We simulated the impacts of climate change by combining two scenarios of sea level rise with simulations of changes in 1-day extreme precipitation totals from five global climate models (GCMs) forced by the four Representative Concentration Pathways (RCPs). The results are highly uncertain; the median change in risk due to climate change alone by 2030 is a decrease by −46 %, but we simulate an increase in risk under 12 of the 40 GCM-RCPsea level rise combinations. Hence, we developed probabilistic risk scenarios to account for this uncertainty. If land use change by 2030 takes places according to the official Jakarta Spatial Plan 2030, risk could be reduced by 12 %. However, if land use change in the future continues at the same rate as the last 30 years, large increases in flood risk will take place. Finally, we discuss the relevance of the results for flood risk management in Jakarta.
Introduction
Jakarta, the capital city of Indonesia, suffers from regular floods that cause significant economic damage. For example, the major floods in 2002, 2007, 2013, and 2014 have caused billions of dollars of direct and indirect economic damage (Bappenas, 2007; Ward et al., 2013a; Sagala et al., 2013) . Whilst flooding in Jakarta is not a new problem per se (Noorduyn and Verstappen, 1972) , the scale of the flood impacts has increased greatly in the last few decades. This increase is related to a large number of drivers, both physical and socio-economic. Physical drivers include land subsidence, low drainage or storage capacity in Jakarta's rivers and canals as a result of being clogged by waste and sediments eroded from upstream, and possibly climate change. Socioeconomic drivers include a rapidly growing population, and land use change causing a growth in economic assets located in potentially flood-prone areas. Extensive overviews of the drivers of increasing flood risk can be found elsewhere (e.g. Budiyono et al., 2015; Caljouw et al., 2005; Steinberg, 2007; Ward et al., 2011b) .
As in most parts of the world, flood management in Jakarta has traditionally focused on technical protection measures, in order to lower the probability of the flood hazard through dikes and levees (Texier, 2008) . Given the increasing impacts of flooding, and the importance of both physical and socio-economic drivers on risk, recent years have seen a shift towards a more flood-risk-management-based approach in Jakarta (Ward et al., 2013b) . Hereby risk is defined as a function of hazard, exposure, and vulnerability, as per the definitions in UNISDR (2011) . In this approach, flood risk management measures that address the other elements of risk (exposure and vulnerability) are also considered next to, and in- The flood risk approach can also be seen in scientific developments related to flooding in Jakarta. For example, using global models, Hanson et al. (2011) examined the exposure of people and assets to coastal flooding in 136 port cities worldwide, including Jakarta, and using a similar approach, Hallegatte et al. (2013) estimated flood risk in terms of annual expected damages in those cities. More specifically for Jakarta, Ward et al. (2011b) assessed the potential exposure of assets to coastal flooding in Jakarta, but did not carry out a full flood risk analysis.
The first city-scale quantitative flood risk assessment in Jakarta was that of Budiyono et al. (2015) , who developed a river flood risk assessment model (Damagescanner-Jakarta) to assess current river flood risk. However, when planning adaptation measures and strategies, it is also vital to know how risk will develop in the future. Future flood risk in Jakarta is complicated, since it will depend on the interplay of the myriad of physical and socio-economic drivers of risk. For coastal flooding, the global-scale studies of Hanson et al. (2011) and Hallegatte et al. (2013) examined the potential influence of changes in climate, land subsidence, and population growth on flood exposure and risk. However, they focus only on coastal flooding, using rough estimates from global models, and neither on river floods nor the projection in the future.
The aim of this paper, therefore, is to further apply and develop the Damagescanner-Jakarta risk model from Budiyono et al. (2015) to project possible future changes in river flood risk in Jakarta as a result of climate change, land subsidence, and land use change. Using these simulations, we can examine the individual influence of these risk drivers to overall changes in flood risk. Given the limited amount of input data for the future scenarios of subsidence and land use change, this paper is not intended to provide a full uncertainty assessment. For each driver of risk, we use the best available data to develop future scenarios, meaning that more scenarios are available for some drivers (e.g. climate change) than others (e.g. land subsidence and land use change). Therefore, the results should be interpreted as first-order estimates of the potential order of magnitude of the future changes in risk.
Method
In this study, we use Damagescanner-Jakarta, a flood risk model for Jakarta developed by Budiyono et al. (2015) in the Python programming language. Damagescanner-Jakarta estimates flood risk as a function of hazard, exposure, and vulnerability. The model is explained in detail in Budiyono et al. (2015) . In brief, the model has a horizontal resolution of 50 m × 50 m, and works by combining maps of hazard and exposure with a depth-damage function to represent vulnerability. For each grid cell, the model identifies the depth of inundation found in the flood hazard map. For this grid cell, it then identifies the land use class and the associated value of maximum damage for this class. The model then uses the depth-damage function for the land use class in question, to identify what proportion of the maximum damage would occur for the inundation depth in that cell. By combining these three elements, the model estimates the direct economic damage. This procedure is carried out for floods of several return periods between 2 and 100 years. Finally the expected annual damage is calculated as the area under the exceedance probability-loss (risk) curve, whereby the area is estimated using a trapezoidal approximation (e.g. Meyer et al., 2009 ).
In Budiyono et al. (2015) , the model was set up to simulate risk under current conditions. Here, we further improve the model to simulate future flood risk, by including projections of physical and socio-economic change. These are incorporated into the model by changing the input data representing the three elements of flood risk, as presented in the framework of analysis in Fig. 1 . In the following sections, the data used to represent hazard, exposure, and vulnerability are described.
Hazard
Flood hazard is represented by maps showing inundation depth and extent for several return periods (1, 2, 5, 10, 25, 50 , and 100 years). To simulate flood hazard, we used the SOBEK Hydrology Suite, which is a model suite combining a Sacramento hydrological model and a 1-D/2-D hydraulics model (Deltares, 2014) . More information on the model and its use in Damagescanner-Jakarta can be found in Budiyono et al. (2015) . The model for Jakarta was developed during the flood hazard mapping project and the Flood Management Information System project (Deltares et al., 2012) , by Deltares, National Bureau for Meteorology (BMKG), Research Center for Water Resources (Pusair) and Jakarta Office of Public Works (DPU-DKI). For baseline conditions, we used the hydraulic schematization resulting from field measurements in 2012.
In this study, we also simulated inundation maps (for each return period) for different future scenarios of climate change and land subsidence. To simulate impacts from cli- mate change, we forced the model with changes in two factors: precipitation intensity and sea level rise.
Uncertainty in future changes in precipitation, and precipitation intensity, is known to be very high in the region, as discussed in Sect. 4.1. Hence, we estimated change in precipitation intensity using output data from a large range of global climate models (GCMs) and Representative Concentration Pathways (RCPs). To do this, we used bias-corrected daily data on precipitation from five GCMs, obtained from the ISI-MIP project (Inter-Sectoral Impact Model Intercomparison Project) (Hempel et al., 2013) . These bias-corrected data are available at a horizontal resolution of 0.5
• . The bias-correction method is described in detail by Hempel et al. (2013) . In brief, they modified the daily variability of the simulated precipitation data around their monthly means, in order to match daily precipitation variability in the EU-WATCH baseline reanalysis data set (Weedon et al., 2011) for the period 1960-1999. Monthly variability and mean were corrected using a constant multiplicative correction factor, which corrected for long-term differences between simulated monthly mean precipitation and mean monthly precipitation from the EU-WATCH baseline reanalysis data set.
These downscaled future climate data were used for five GCMs, namely GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-CHEM, and NorESM1-M, and for the following Representative Concentration Pathway (RCP) scenarios: RCP2.6, RCP4.5, RCP6.0, and RCP8.5. Thus, we used 20 GCM-RCP combinations in total. We calculated change factors in daily precipitation between the baseline climate data set and each GCM-RCP combination, for each of the return periods used in this study. The extrapolation to the different return periods is carried out by fitting the Gumbel distribution to the time series of annual maximum precipitation, whereby the Langbein correction (Langbein, 1949 ) is applied for return periods lower than 10 years. We carried out this statistical process for each of the GCM-RCP combinations for two time periods, namely 2010-2049 and 2040-2079 . These time periods are used in the paper to represent climate conditions in 2030 and 2050, respectively. Finally, these change factors were applied to the standard input of the SOBEK model under current conditions, which is based on gauged precipitation data at 29 stations.
In the SOBEK model, sea level is used as a boundary condition at the river-sea interface. Therefore, we used two simple scenarios of sea level rise between 2010-2030 and 2010-2050 , and added these to the SOBEK input baseline sea level for 2010. These low and high scenarios represent the likely range in global sea level rise projections of the IPCCs Fifth Assessment Report (AR5) (IPCC, 2013, Table AII7 .7) average across all four RCPs. The scenarios represent increases in sea level of 6 and 11 cm respectively for the period 2010-2030, and 14 and 24 cm respectively for the period 2010-2050.
Finally, we also produced hazard maps showing the magnitude of continued land subsidence. This was done by subtracting projections of future subsidence from the digital elevation model (DEM) used in SOBEK (Deltares et al., 2012; Tollenaar et al., 2013) . The DEM has a horizontal resolution of 50 m × 50 m. In SOBEK, the original DEM is replaced by the new DEM (including future subsidence), and the hydrological-hydraulic simulations are repeated. This results in new flood hazard maps showing the flood inundation and extent under the land subsidence scenario, which are then used as input to the Damagescanner-Jakarta model. A map showing the spatial distribution of the projected land subsidence between 2012 and 2025 used in our model set-up is shown in Fig. 2 . We used a hypothetical scenario of land subsidence, in which the current rate of subsidence (Abidin et al., 2011) continues at the same rate, and ultimately stops in the year 2025. This current rate of subsidence ranges from 1 to 15 cm per year across different parts of the city; the resulting spatial distribution of land subsidence over our study period is shown in Fig. 2 . The linear trend in future subsidence was decided in close collaboration with the National Bureau of Meteorology (BMKG) and Jakarta Office of Public Works (DPU-DKI). The linear rate of subsidence is based on investigations in several other cities over longer time periods, for example Tokyo for 60 years (Endo et al., 2001) , Tokyo lowlands for 20 years (Aichi, 2008) , and Bangkok for 20 years (Phien-wej et al., 2006) . In several cities, it has been shown that land subsidence can be reduced rather rapidly once groundwater extraction is reduced. For example, in Tokyo the government implemented a gradual groundwater extraction policy for 13 years by preventing the creation of new wells and regulating groundwater extraction in the central districts of Tokyo to an absolute minimum (Tokunaga, 2008) . As a result, groundwater potential recovered quickly, particularly due to high recharge rates in the region, and the land subsidence stopped in several years. In March 2015, the Ministry of Public Works (PU) in Indonesia issued the "100-0-100" sanitation policy (Direktorat Jenderal Cipta Karya, 2015) , which means that the government aims to provide 100 % of water supply needed by Jakarta by 2019. If the policy target is achieved in time, it is the expectation that land subsidence would reduce quickly after 2019, and hence, the assumption to continue land subsidence until 2025 in the model.
As was the case in Budiyono et al. (2015) , we assume that no flood damage occurs at a return period of 1 year. Hence, simulated flood depths at 1-year return period are subtracted from simulated flood depths for higher return periods. This was carried out in order to represent an assumption of zero damage at bankfull discharge (e.g. Ward et al., 2011a; Winsemius et al., 2013) . The flood hazard maps generated by SOBEK represent a situation in which the flood management system in place is operating under normal conditions, and cannot account for system failures or those caused by a lack of maintenance.
Exposure
In Damagescanner-Jakarta, exposure is represented through land use maps, whereby each land use class has an associated maximum economic exposure value (in USD per hectare). In our earlier study (Budiyono et al., 2015) Table 2 ). Then, using GIS analysis we calculated the total area of each land use class in 2009 and 2030, as shown in Table 2 . From this, we were able to derive factors showing the change in the area of each land use category. This was used in the damage calculations to estimate the change in risk per land use category between the baseline and future scenarios. For example, the total area of land use class "Industry and warehouse" increases from 7.06 to 8.87 % (an increase of ca. 26 %). Hence, the annual expected damage associated with this land use class was increased by 26 % in the future scenario compared to the baseline scenario. Whilst this map represents an ideal- Merge of "High density urban kampung", "Low density urban kampung" and "Planned house" in baseline land use map; and merge of "Residential" and "Residential with greenery" in Spatial Plan 2030. c Merge of "Government facility", "Education and public facility", and "Transportation facility" in baseline land use map; merge of "Government facility", and "Transportation facility in Spatial Plan 2030, while land use class "Education and public facility" does not exist.
ized scenario, assuming that all of the plan is implemented, it is useful to use in this study since it is the map used in official studies in Jakarta. Each land use class is assigned a value of economic exposure per hectare (Table 3) . These values were derived via a series of expert meetings and a workshop, as described in detail in Budiyono et al. (2015) , and as described briefly in Sect. 2.3. For land use classes that are consistent for both land use maps, values are taken directly from Budiyono et al. (2015) . For land use classes where reclassifications were required as described above, exposure values were derived by area-weighted averaging. For example, the maximum value of land use class "Residential" in the land use map 2030 results from the average of two classes, weighted by spatial percentage of land use classes "High density urban kampung" and "Low density urban kampung" in the baseline land use map (detail in Table 3 ). Secondly, because the Spatial Plan 2030 represents an idealized situation, we also developed a simple method to assess how risk may change in the future if this idealized plan is not achieved. To do this we calculated flood risk using Damagescanner-Jakarta using the land use maps 1980, 1995, 2002, and 2009 , all reclassed to the same land use classes as used in the land use map 2002. We then fit a second-order polynomial fit (r 2 = 0.837) to these flood risk calculations, and used the resulting regression equation to estimate risk in 2030. Hence, this gives a first-order estimate of how future risk may develop in the future if land use change continues at the same rate as over the period 1980-2009. Unfortunately, no land use simulation models are available to specifically simulate future land use in Jakarta.
Vulnerability
The third element of the risk framework is vulnerability. In this paper, we adopt the definition of UNISDR (2011), that vulnerability is "the characteristics and circumstances of a community, system or asset that make it susceptible to the damaging effects of a hazard". In DamagescannerJakarta, vulnerability is represented by depth-damage functions (Merz et al., 2010) , which show the fraction of the maximum economic exposure value per land use type that would actually result in damage for different inundation depths (see Fig. 4 ). In reality, these functions only represent physical vulnerability, but not social vulnerability, i.e. the sensitivity of populations to natural hazards and their ability to respond to and recover from their impacts (e.g. Cutter and Finch, 2008; Cutter et al., 2013; Gain et al., 2015) . We therefore use the term depth-damage functions throughout the rest of this paper, to avoid confusion.
The depth-damage functions for Jakarta were derived in a previous study (Budiyono et al., 2015) , for each of the land use classes in the land use map 2002. These synthetic depthdamage functions were developed through a series of expert meetings and a workshop, following the fuzzy cognitive mapping method (Groumpos, 2010; Stach et al., 2010) . The process consisted of two rounds. First, a series of four expert meetings was held employing nine stakeholders in order to derive preliminary maximum economic exposure values and depth-damage functions. Secondly, a 1-day workshop was held with a larger group of different stakeholders in order to validate, and where necessary to improve the initial values and functions. The resulting depth-damage functions are shown in Fig. 4 . For further details on the method used to derive the depth-damage functions, including the participants of the expert meetings and workshop, we refer the reader to Budiyono et al. (2015) . The same depth-damage functions were used for the baseline scenario and 2030, since no data were available on potential changes in the curves over that time (see Sect. 4.3).
Results
This section is split into three subsections. Firstly, we describe the flood risk results under baseline conditions in comparison to past results reported in Budiyono et al. (2015) to show the change resulting from the new model schematization and the newly operational flood protection measures. Secondly, we show the potential impacts of climate change on extreme precipitation, one of the drivers of risk change discussed in this paper. Thirdly, we show the potential changes in flood risk between the baseline situation and the future, based on the various future scenarios. We examine both the individual and combined influence of the different drivers on flood risk.
Flood risk under baseline conditions
In this study, we ran Damagescanner as described in Sect. 2. The resulting flood risk under baseline conditions is USD 186 million p.a. Figure 3 shows the distribution of flood risk compared to a modelled flood hazard map for a return period of 100 years. This number is significantly lower than our past result as presented in Budiyono et al. (2015) , in which flood risk was estimated to be USD 321 million p.a. There are several reasons for this. Firstly, as explained in Sect. 2.2, in the current study we use a more up-to-date land use map to represent baseline exposure. If we use the same land use map as was used in Budiyono et al. (2015) , the estimate of baseline risk using the new model set-up is USD 143 million p.a. The lower flood risk estimate in the current paper compared to our previous estimate is due to changes that have been carried out in the hydraulic system in Jakarta, which have been included in the revised schematization of the hydrological and hydraulic model used for this paper. The version of the hazard model used in Budiyono et al. (2015) used a hydraulic schematization based on the situation in 2007. In the current paper, we used an updated version of the model in which the hydraulic schematization has been updated to include flood protection measures, including flood gates and weirs that have been implemented between 2007 and 2013. Moreover, the revised version of the model has a more accurate representation of those flood protection measures that were already in place in 2007. The most important single change in the hydrological and hydraulic situation since 2007 has been the completion of the East Flood Canal (Banjir Kanal Timur). This canal diverts flood waters away from the eastern side of the city. It was not included in the former schematization of SOBEK, but is included in the new schematization used in this paper. Comparing the flood hazard maps for a given return period based on the 2007 and 2013 schematizations shows that the simulated flood extent in the eastern half of the city has indeed decreased. For example, in Fig. 5 we show the differences in inundation depth between 2007 and 2013; in the eastern half of the city, the flood extent has decreased by 27 % in terms of width or by 34 % in terms of volume.
As a result of the major changes in the hydrological and hydraulic situation since 2007, it is difficult to directly compare our modelled flood damages directly with reported damages for floods that occurred before that time. Reported damages for the 2007 flood are available from Bappenas, namely USD 890 million. This flood had a return period of ca. 50 years. Our simulated damages for a 50-year return period flood using the new model schematization and land use map 2009 are USD 579 million, i.e. 35 % lower than the reported losses in 2007. This seems reasonable given the afore- mentioned changes in the hydrological and hydraulic situation since that time.
The reliability of the new 2013 flood maps has also been compared with empirical flood maps produced by the National Disaster Management Office (BNPB). These maps show which village administration units (Kelurahan) in Jakarta actually suffered from inundation during the 2007 and 2013 flood events (Fig. 6) . We can see that the spatial pattern in the western half remains fairly similar, whilst far fewer Kelurahan were reported as suffering from inundation during the 2013 flood in the eastern part. It should be noted that the return periods of the floods in 2007 and 2013 are not exactly the same; the former is estimated to have a return period of ca. 50 years, compared to 30 years in the latter. Hence, the figure is only intended to demonstrate the fact that there appears to be an overall agreement between the 2013 modelling results and the government flooding maps showing smaller inundation areas in the eastern parts as compared to previous research. This explains our lower risk estimates compared to Budiyono et al. (2015) .
Finally, the changes in the inundation depths are also partly due to further modifications of the SOBEK schematization in terms of its hydraulics. Namely, the Saint-Venant equations have been implemented on more detailed dimensions of stream fractions, which produces finer 1-D overtopping and a more disperse but shallower 2-D floodplain. 
Potential impacts of climate change on extreme precipitation
As described in Sect. 2.1, we estimated changes in the magnitude of 1-day precipitation sums for the different return periods used in this study, based on data from five GCMs and four RCPs, i.e. 20 GCM-RCP combinations. In Fig. 7 , we present precipitation factors that show changes in extreme 1-day precipitation for different return periods, whereby a factor "1" represents the extreme 1-day precipitation under range between the 25th and 75th percentiles. Even the sign of the change is highly uncertain. Moreover, Fig. 7 also shows that this spread in the distributions of change in 1-day precipitation sums increases as the return period increases, reflecting even greater uncertainty in changes in the precipitation events with a longer return period.
In terms of the median values, we found little difference in the precipitation change factors between the different RCPs (Table 4) . For 2030 these ranged from 0.76 for RCP4.5 to 0.85 for RCP8.5, and for 2050 they ranged from 0.79 for RCP2.6 to 0.96 for RCP8.5. Across the five different GCMs, the standard deviation in these precipitation change factors is large (Table 4) , showing the large uncertainty of how this variable may change in the future.
Impacts of future changes in individual risk drivers on flood risk
In this section, we describe the potential changes in flood risk between the baseline estimate of USD 186 million p.a., and the future, for each of the risk drivers separately.
Climate change
Firstly, we show the potential influence of climate change only on future flood risk compared to baseline flood risk. The results are shown in Table 5 . Here, we show the future risk (in 2030 and 2050) for each of the different combinations of precipitation intensity (represented by the RCP scenarios) and sea level rise (low and high scenarios). The median and standard deviation of the results across the five GCMs are shown for each combination of RCP and sea level rise scenario. From these results, there is no clear signal of change in future flood risk as a result of climate change alone. For 2030, under the low sea level rise scenario, the median risk is in fact lower than for the baseline (USD 186 million p.a.) for all RCPs. However, the standard deviation is large. Under the high sea level rise scenario, the median risk is higher than baseline for two RCPs, and lower for the other two RCPs; again the standard deviation between GCMs is large. For 2050, the results generally show slightly higher risk compared to 2030, under both sea level rise scenarios.
Across all 40 combinations of GCMs, RCPs, and sea level rise scenarios (five GCMs × four RCPs × two sea level rise scenarios), the risk estimates range from USD 24 to 380 million p.a. for 2030, and USD 34 to 517 million p.a. for 2050. For 2030, a decrease in risk compared to baseline was simulated in 28 of these combinations, with an increase under the other 12 combinations. For 2050, a decrease was simulated in 22 of the combinations, with an increase in the other 18 combinations. The wide amplitude of flood risk and the variations of GCM-RCP combinations quantitatively display uncertainty of climate projection and the resulting flood risk; see Sects. 4.1 and 4.2 for further discussion. In 2030, the highest risk values are simulated under RCP6.0 and RCP8.5, whilst there are only small differences between the other RCPs. According to IPCC (2014) , the global radiative forcing by 2030 is the highest under RCP8.5. By 2050, we see an increase in the difference between the risk estimates under RCP8.5 and those under the other RCPs.
Land use change
As stated earlier, two approaches were used to estimate the influence of land use change. The main one used is the idealized scenario, based on the official Spatial Plan 2030. This represents an idealized situation, in the case that the land use planning envisioned for the coming decades is successfully implemented, rather than a scenario of unplanned development. Assuming this Spatial Plan 2030, and assuming no other changes in physical or socio-economic factors, flood risk would decrease between the baseline situation and 2030 by 12 %. More detailed results are presented in Table 6 , which shows the percentage of both the total inundated area and damage associated with each land use class. The results show that the majority of the inundated areas are found in locations with residential land use classes. This is both the case under baseline land use (62 %; summation of "High density urban kampung" and "Planned house") and under 2030 land use (60 %; summation of "Residentials" and "Residentials with greenery"). However, the largest share of total damages are found in the land use classes related to commercial areas, i.e. "Industry and warehouse" followed by "Commercial and business". Combined, these two land use classes account for ca. 75 % of total damages under baseline land use, and 77 % under 2030 land use. To carry out a simple comparison with the potential increase in risk if this idealized land use scenario for 2030 is not achieved, we also used a simple method to extrapolate simulated damages using the 1980, 1995, 2002, and 2009 land use maps to 2030 (see Sect. 2.2). Using this simple approach, flood risk in 2030 (due to land use change alone) is USD 270 million, i.e. an increase of 45 %. In reality, we do not know whether the past trend in land use change observed over the period 1980-2009 will continue at the same rate until 2030. Hence, this should be considered as a firstorder estimate, assuming that this trend continues, and that the Spatial Plan is not implemented successfully.
Land subsidence
Assuming only an increase in land subsidence for 2030, we found an increase in annual expected damage of 126 % between the baseline and 2030, i.e. an increase from USD 186 to 421 million p.a.
The increase in risk resulting from projected subsidence, however, is not uniform across the city. In Fig. 8 , we see the percentage increase in flood damage per grid cell over the period 2010-2030 due to subsidence alone, following the rates of subsidence shown in Fig. 2 . Note also that the actual influence of subsidence will strongly depend on the changes in other environmental and socio-economic drivers (as discussed in Sect. 4.3).
Impacts of future changes in combined risk drivers on flood risk
In the previous subsections, the change in risk between the baseline situation and the future scenarios has been shown for each risk driver separately. In reality, the future situation will depend on the combined change of all the drivers. Hence, in this section we show the impacts of combinations of different risk drivers on future risk.
In Fig. 9 , we show probability density functions (PDFs) of the simulated annual expected damage, whereby each PDF is derived from a two-parameter gamma distribution fit to the 20 GCM/RCP combinations. A similar approach was followed by Ward et al. (2014b) for including climate change in probabilistic projections of flood risk along the Rhine in Europe. The dotted black vertical line represents baseline flood risk, i.e. USD 186 million p.a. Figure 9 clearly shows the strong influence of projected subsidence on the overall change in risk. All of the PDFs representing scenarios with subsidence (shown in red) show much higher annual expected damage than those without subsidence (shown in blue). The PDFs also clearly show the large uncertainty associated with the projected changes in precipitation from the different GCMs and RCPs, which is large under all of the PDFs. However, the results show that if we include land subsidence in the future projections, the probability of future flood risk exceeding baseline flood risk exceeds 99.999 % (when accounting for changes in precipitation).
The results also show the importance of the interaction between different drivers. For example, if we examine the difference between the PDFs for low and high sea level rise, we see a small difference under the scenarios with no subsidence and land use 2030. However, if we make a similar comparison using the scenarios that include subsidence, we see a larger difference between the low and high sea level rise scenarios. Similar differences can be found when comparing the scenarios with and without projected land use change. The differences between the two scenarios are amplified with higher rates of subsidence and/or sea level rise.
From Table 7 , we summarize the results of the influence on risk of the individual drivers and the combined scenarios for 2030. For scenarios with climate change, we show both the median and 5th-95th percentile values based on the gamma distributions. From the table, it is clear that land subsidence has the largest influence on future risk, assuming our simple scenario of land subsidence. If the increase in risk due to land use change continues at the rate as over the period 1980-2009, this has the second highest influence on risk, followed by sea level rise. Given the high range of uncertainty in the influence on risk of future changes in precipitation intensity, the 5th-95th percentiles of this variable span a very large range, from an increase in risk of 104 to a decrease in risk of 94 %.
Discussion

Uncertainty in projections of change in precipitation intensity
In Sect. 3, we showed the impacts of climate change on flood risk, whereby the impacts of climate change are expressed through both sea level rise and changes in the magnitude of extreme 1-day precipitation totals. In terms of the latter, our analyses show this variable to be highly uncertain. Whilst the median projections (Table 4) show a decrease compared to baseline -which results in lower median flood risk in the future when combined with the low sea level rise scenario (Table 5 ) -the PDFs in Fig. 9 show that there is deep uncertainty attached to the impacts of changes in precipitation on the risk. Nevertheless, this does not mean that it is not an important factor to consider. In fact, some of the GCM-RCP combinations indicate an increase in risk of a factor greater than 2.4 as a result of climate change alone. It should be noted that here we used all possible combinations of RCPs to represent changes in precipitation intensity and the two sea level rise scenarios (high and low). The uncertainty in future risk projections is confirmed by other research in the region. For example, rainfall observations across Indonesia as a whole for the second half of the twentieth century suggest that mean annual rainfall may have decreased by ca. 2-3 %, mainly in the wet season from December to February (Boer and Faqih, 2004) . Earlier projections of mean annual rainfall over the twenty-first century taken from several climate models suggest that mean annual rainfall may increase in the future across most of Indonesia, although in Java it may decrease (Hulme and Sheard, 1999) . Naylor et al. (2007) downscaled output from the Intergovernmental Panel on Climate Change AR4 suite of climate models for the twenty-first century, to the regional level, and found a large uncertainty on the monsoon onset in West Java/Central Java region. Moreover, they found that precipitation totals may decrease (by up to 75 % in the tails) during the dry season, although this research did not address the wet season, when flooding generally occurs in Jakarta. Scoccimarro et al. (2013) investigated potential changes in extreme precipitation events by 2100 using RCP8.5 and several Coupled Model Intercomparison Project Phase 5 (CMIP5) models. They found that the 90th and 99th percentiles of heavy rainfall may increase during the months June-August in Indonesia. However, this is the dry season, whilst flooding in Jakarta usually occurs during the wet months of DecemberFebruary.
Recently, Chadwick et al. (2013) carried out climate model experiments to assess the potential changes in regional patterns of precipitation and atmospheric circulation resulting from a "ramp-up" of CO 2 levels from pre-industrial levels (280 ppm) until quadrupling (1120 ppm) after 70 years (and scenarios of 3× CO 2 , 2× CO 2 , and 1.5× CO 2 ), followed by 10 years of stabilization, and then a 70-year ramp-down to pre-industrial levels. During the ramp-up phase, they found decreased precipitation in the part of the tropical western Pacific where Indonesia is located. Chadwick et al. (2013) suggest that this regional redistribution of rainfall is caused by circulation changes associated with changing gradients of sea-surface temperatures in the tropical Pacific.
Further uncertainties in the future response of precipitation to climate change in the region result from potential changes in the frequency and/or magnitude of El Niño-Southern Oscillation (ENSO). ENSO shows strong linkages with precipitation in parts of the Indonesian archipelago (Aldrian and Susanto, 2003; Aldrian et al., 2007; Hendon, 2003; Qian et al., 2010) , and is linked to anomalies in both discharge (Poer- +7 to +20 Baseline + land subsidence 421 +126 Baseline + all future changes combined * 521 (median) +180 393-673 (5th-95th percentiles) +111 to +262 bandono et al., 2014) and flood volumes (Ward et al., 2014a) . The current generation of climate models shows little agreement on whether (and if so how) the frequency of ENSO could change due to climate change (Guilyardi et al., 2009; Paeth et al., 2008; Van Oldenborgh et al., 2005) . However, a recent study suggested that extreme El Niño events (which are associated with negative flood anomalies in western Java; Ward et al., 2014a ) may become more frequent (Cai et al., 2014) .
To account for this large uncertainty, we developed the probabilistic projections of flood risk under climate change shown in Fig. 9 . Instead of only describing potential changes in the median flood risk under climate change (a decrease with a low sea level rise scenario and a slight increase with a high sea level rise scenario), these provide much more information, by describing the change in flood risk across the entire distribution of the 20 GCM-RCP combinations (five GCMs × four RCPs).
Relative influence of different drivers on flood risk
In this section, we discuss the relative influence of the different drivers on the simulated flood risk. As stated in the introduction, this paper is not intended to provide a full uncertainty assessment. For each driver of risk, we used the best available data to develop the future scenarios, meaning that more scenarios are available for some drivers (e.g. climate change) than others (e.g. land subsidence and land use change). Therefore, the results should be interpreted as first-order estimates of the potential order of magnitude of the future changes in risk, and they certainly should not be interpreted as covering the entire uncertainty space.
From Table 7 , we see that land subsidence is the single driver with the greatest contribution to increased flood risk compared to the baseline, assuming the land subsidence scenario used in this study. If we consider a linear increase from 2013 to 2030, it equals an annual rate of USD 13.8 million (7.4 %) p.a. Given an assumption of a 2.5 cm rate of subsidence p.a. (on average over the whole city), this would mean an increase in risk of USD 5.5 million per cm subsidence. In reality, the rate of land subsidence is geographically heterogeneous, with higher rates in the north of the city. The land subsidence scenario used in this study is of course highly simplistic, but it does give a powerful indication of the order of magnitude of the problem in terms of its impacts on risk. If the government's target of reducing groundwater extraction is not reached, the rate of subsidence could be even higher.
The problem of land subsidence is a serious issue in many other low-lying coastal and delta cities (Syvitski et al., 2009; Erkens et al., 2014; Brown and Nicholls, 2015) . Ward et al. (2011b) also showed this driver to be the main factor contributing to projected increases in future coastal flood risk in Jakarta. The annual rate of increase in flood risk due to subsidence calculated for Jakarta is similar to that for Bangkok during the 1990s, which was USD 12 million p.a. (DMR, 2000 in Phien-wej et al., 2006 . In Taiwan, the Yunlin area has similar subsidence rates to northern Jakarta, ranging from 3.5 to 14.3 cm year −1 (Tung and Hu, 2012) . In this area, high flood damages have also been simulated, for example USD 171 million for a 200-year return period flood.
Using the idealized land use scenario for 2030, we actually found that flood risk could be reduced by 12 % (if all other drivers are kept constant). This shows the huge potential of land use planning to mitigate flood risk, as discussed in Sect. 4.3. On the other hand, using our simple extrapolation of increased risk due to unplanned land use growth, risk could increase by 45 % by 2030. This is somewhat higher than the increase in risk that we simulated due to sea level rise alone (increase of 7-20 %), but of the same order of magnitude. However, the mechanisms behind these forcings are different, as is the geographical distribution in the change in risk.
Since sea level rise affects river flooding by making discharge of excess waters to the sea more difficult, most of the increase in risk simulated under the sea level rise scenarios is concentrated towards the coastal area. Using the average values across the different sea level rise scenarios, the increase translates to an increase in risk of ca. USD 1.5 million p.a., or USD 2.6 million per cm sea level rise.
On the other hand, the change in risk associated with land use change is distributed more evenly across the city. Finally, Table 7 also shows that the combined impact of all drivers on risk (+180 % under the median scenario of precipitation change, and assuming the idealized land use scenario for 2030) is much greater than the summation of the impacts of the individual flood drivers.
Implications for risk management
The flood risk problem in Jakarta results from the interplay of a large number of drivers, both physical and socio-economic in nature. Hence, measures and strategies to reduce that risk must be taken in an integrated way (e.g. Jha et al., 2012) . The development of such strategies is indeed taking place in Jakarta, a good example being the National Coastal Integrated Coastal Development program. Whilst the most wellknown aspect of this program is the planned "giant sea wall" (over 35 km long), it also integrates plans to construct and strengthen other defences in the short term, as well as address pressing issues such as land subsidence, water supply, and water sanitation. The program builds on initial findings of the Jakarta Coastal Defence Strategy, 2011; Jeuken et al., 2015) .
Clearly, concerted efforts to address the land subsidence issue are paramount to reducing the increasing flood risk in Jakarta, as we have shown the potentially very large influence that land subsidence could have on future river flood risk. The subsidence scenarios used in this study are a simple extrapolation of past trends, and future subsidence rates may turn out to be higher or lower. It has been suggested to target measures for reducing soil water extraction, which is the main cause of land subsidence in Jakarta (Abidin et al., 2011) . Soil water extraction takes place both for supplying water for drinking and industry, as well as in the construction of high-rise buildings. PDAM Provinsi DKI Jakarta (2012), the water industry board of Jakarta, supplies water to 61.1 % of consumers in Jakarta. They report that an additional 8-10 m 3 s −1 would be needed to erase the need for all deep wells while sufficing the needs of the rest currently not sufficed. According to a synthesis of results in reports by PAM Lyonaise Jaya (2012) and Aetra Air Jakarta (2014) this would require an investment of ca. USD 389 million. Whilst this is a large investment, it is of the same order of magnitude as our projected increase in risk per annum resulting from land subsidence, land use change, and climate change. Hence, whilst this is a very simplistic example, it shows that the costs of the measures to increase and improve water supply appear to be small in relation to the damages that they could help to avoid, even without factoring in the other benefits. Indeed, strict regulations on groundwater pumping (accompanied by the supply of alternative water sources) have been shown to be effective in reducing land subsidence. For example, the rate of subsidence in Bangkok was ca. 12 cm year during the 1980s, but was reduced to 2 cm year after strict regulations on deep well pumping (Phien-wej et al., 2006) . A nested modelling approach by Aichi (2008) has shown that the groundwater regulations in Tokyo have led to decreased subsidence since the mid-1970s. The groundwater regulation was effective for Tokyo and the surrounding three prefectures for 14 years from January 1961 until April 1974 (Tokunaga, 2008) . As mentioned earlier, high-rise building construction also extracts water from the soil (dewatering) during the process. This intensive extraction of soil water in the short term has been reported to result in severe localized land subsidence (Zhang et al., 2013) . Hence, it may also be useful to consider other piling processes, such as auger piling (Abdrabbo and Gaaver, 2012) . If dewatering is unavoidable for Jakarta, it may be useful to focus such high-rise development in those parts of the city where the lithology is more compacted, such as in the southern part (Bakr, 2015) .
In this study, we represented changes in land use using both an idealized scenario for 2030, in which the official Jakarta Spatial Plan 2030 is fully implemented, and a simple extrapolation of past increases in flood risk due to land use change to the future. Our results show that under the idealized scenario (land use change alone), risk would decrease by 12 %, compared to an increase of 45 % using the extrapolation of past trends to the future. Whilst we acknowledge that these should only be considered as first order estimates, these large differences do indicate the large potential of land use planning to mitigate flood risk, especially when combined with other measures. The results for the idealized land use scenario are particularly encouraging, if the plan can be successfully implemented, given the fact that changes in exposure through urban development are seen as one of the main drivers of risk in developing countries (Jongman et al., 2012; UNISDR, 2013) . Moreover, the land use plan scenario does not include assumptions on potential measures or strategies that could be taken to further reduce flood risk. For example, in Indonesia as a whole, Muis et al. (2015) simulated increases in both river and coastal flood risk by 2030, assuming a scenario where building is allowed in flood-prone areas, and several scenarios where new buildings are prohibited (with different levels of enforcement) in the 100-year flood zone. They found that river flood risk could be reduced by about 30-60 %, and coastal flood risk by about 65-80 %, compared to the scenario in 2030 with no building restrictions in the flood-prone zone.
Although we have assumed vulnerability (as represented by the depth-damage functions) to be constant through time, in reality, vulnerability is also temporally variable. For example, Mechler and Bouwer (2014) have shown that vulnerability to flooding in Bangladesh reduced over the last decade, due to early warning systems, flood preparedness, and so forth. Measures are also available to reduce the physical vulnerability to floods, such as dry-proofing and wet-proofing of houses in flood-prone areas (e.g. Kreibich et al., 2005 Kreibich et al., , 2011 Kreibich and Thieken, 2009; Poussin et al., 2012; Thurston et al., 2008) . In Jakarta, measures are already being taken at the household level, such as the building of second stories on houses so that valuable possessions can be moved upwards away from flood waters in the event of a flood, and using traditional building methods such as rumah panggung (elevated wooden house that stands on piles) in ways that are more commensurate with flooding (e.g. Marfai et al., 2015; Wijayanti et al., 2015) . It would be of interest to assess the decrease in risk that could be achieved throughout the city if such measures were to be implemented on a larger scale, for example through the use of building codes.
Limitations and future research developments
In this study, we have made use of the best available scenarios for each of the drivers of risk. However, this entailed making large assumptions, and the quality of the scenarios differs between the drivers. Given the uncertainty in climate change projections, future development of official tailored climate scenarios for Jakarta (or indeed Indonesia) should be a research priority. Such a set of scenarios would allow for a more consistent modelling of climate impacts, not only in terms of flood risk analysis, but indeed in terms of climate impacts across a full range of hazards and sectors (e.g. Aerts et al., 2014) . Moreover, tailored scenarios of land subsidence and land use change, using storylines commensurate with the storylines of the climate change scenarios, would allow for a more consistent assessment of the relative influence of the different driving forces. The development of a dedicated land use model for Jakarta would be an important step forward for future flood risk assessments.
In addition, we have only examined river flood risk, while Jakarta also experiences regular flooding due to coastal and flash flooding. The former has been assessed for Jakarta in Ward et al. (2011b) , and Muis et al. (2015) have assessed both river and coastal flood risk at the scale of Indonesia using globally available data sets and models. Nevertheless, the impacts of river and coastal flooding can interact with each other -for example when high tides occur at the same time as extreme discharges -and this interaction should be a priority for future flood risk research, not just in Jakarta, but elsewhere (see, e.g., Keef et al., 2009; Klerk et al., 2015; Svensson and Jones, 2004) . To enable an assessment of these interactions, one would need to develop time series of both high river discharge and high sea levels, in order to examine the temporal interactions and joint probabilities between these two variables. However, at present, long time series of simulated sea levels are only available for limited regions (e.g. Haigh et al., 2013) , although global modelling efforts may extend this possibility in the future.
In this study, vulnerability is only represented through the use of depth-damage functions. As mentioned earlier, these do not include social vulnerability, which is also an important concept for the overall resilience of a system. Moreover, we assume that vulnerability is constant through time. The overall assessment of future flood risk could be improved through future projections of changes in vulnerability. Very few examples exist in the scientific literature of studies where temporal changes in vulnerability are considered. However, Jongman et al. (2015) recently showed that vulnerability to flooding has been reducing over the last 20-30 years in many developing countries. Hence, it would be useful to try to develop scenarios of potential vulnerability change in the future, and assess how this may affect the overall risk.
In our future projections, we do not include adaptation measures that could be taken to reduce future risk (other than those measures that are already in place). Research by Muis et al. (2015) at the national scale for Indonesia has shown that the growth in future river and coastal flood risk could be contained to a large degree by increasing protection levels through the building of structural measures such as dikes, and by spatial zoning to limit developments in the most floodprone locations, or at least to make future developments in those zones more commensurate with flooding. Moreover, local research in different parts of Jakarta shows that individual households and communities are already taking smallscale measures to reduce vulnerability, such as building second stories on homes, moving valuable items upstairs during floods, and placing elevated entrances to houses (Marfai et al., 2014) . Our model does not account for this kind of autonomous adaptation, although it could be included in the model code in the future.
Concluding remarks
In this paper, we have extended the river flood risk model for Jakarta, developed by Budiyono et al. (2015) , to include projections of flood risk under future scenarios of land subsidence, climate change (sea level rise and changes in extreme precipitation), and land use change. By combining scenarios of different drivers of risk in a simple flood risk model, we have developed a method that can relatively quickly provide first-order estimates of the influence of each of these drivers on overall risk in a quantitative manner. Moreover, in this paper we have developed probabilistic scenarios of the influence of climate change on risk, which allows us to gain a better understanding of the potential future changes than if we only use several climate change scenarios.
Combining all of these scenarios, we find a median increase in flood risk of 183 % in 2030 compared to baseline conditions. This value is based on our median projection for the influence of changes in extreme precipitation on flood risk. However, since we found the influence of climate change on extreme precipitation to be highly uncertain, we also developed probabilistic projections of flood risk by developing PDFs based on 20 GCM-RCP combinations. The resulting increases in risk for the 5th and 95th percentiles are 111 and 262 % respectively (when combined with the other drivers). This shows that whilst the influence of climate change on precipitation intensity in the region may be uncertain, when combined with the other drivers of risk, the increase is always large, and hence adaptation is imperative, irrespective of the chosen climate scenario or projection. This probabilistic approach allows us to include a much wider range of information on the potential impacts of climate change on risk, than assessments based on just one or two scenarios. Unfortunately, the data required to develop such probabilistic scenarios of the other risk drivers are not available at this time, hence developing such scenarios would be a useful research priority.
The single driver with the largest influence on future flood risk is land subsidence (+126 %). Clearly, addressing this driver could potentially have a large influence on reducing future flood risk. We showed that under an idealized land use scenario for 2030, whereby the official Jakarta Spatial Plan 2030 is fully implemented, flood risk could be reduced by 12 % compared to baseline conditions, if all other driving factors are held at baseline levels. On the other hand, if past trends in risk increase due to land use change continue, flood risk could increase by 45 % by 2030 due to land use change alone. This demonstrates the importance of effective land use planning for flood risk reduction. We show that the largest share of total damages is found in land use classes related to commercial areas; these account for ca. 75 % of total damages under baseline land use and 77 % under the idealized land use scenario for 2030. However, in terms of area affected by flooding, residential areas have a great share. Hence, future efforts to reduce risk must focus on optimal land use planning for both classes.
